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Abstract 
     Investigating the potential impacts of climate change on food security is a major global 
concern, but there has been insufficient attention to these issues in arid regions. Therefore, two 
wheat models (DSSAT: CERES and N-Wheat) were calibrated with two local cultivars 
(Gemiza9 and Misr1) and baseline simulation (1981-2010) were compared with different 
scenarios of simulations using three Global Climate Models (GCMs) for 2030, 2050 and 2080. 
Probable impacts of climate change were assessed using three GCMs and the two crop models 
under the high emission Representative Concentration Pathway (RCP8.5). Results predicted 
decreased wheat grain yields by a mean of 8.7, 11.4 and 13.2% in 2030, 2050 and 2080, 
respectively, relative to the baseline yield. Negative impacts of climatic change are likely, 
despite some uncertainties within GCMs (i.e. 2.1, 5 and 8 %) and CMs (i.e. 2.2, 6 and 9.2 %). 
Changing the planting date with a scenario of plus and minus 5 and 10 days from the common 
practice was assessed as a potential effective adaptation option and this may partially offset the 
negative impacts of climate change. Delaying the sowing date by 10 days (from 20 November to 
30 November) was the best scenario decreased the further reduction in wheat yields resulting 
from climate change to 5.2, 6.8 and 8.5% in 2030, 2050 and 2080, respectively, compared with 
the 20 November scenario.. Early planting date scenario with 5 days had less effect on adapting 
climate change, meanwhile 10 days early scenario had negative effect, increasing yield reduction 
under climate change. The cultivar Misr1 showed higher resistance to rising temperature than 
Gemiza9. Despite the hazard impacts of climate change on wheat production, water use 
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efficiency would slightly increase. The ensemble of multi-model estimated impacts and 
adaptation uncertainties of climate change can assist decision-makers in planning climate 
adaptation strategies.   
Keywords    DSSAT models, scenarios, adaptation, water use efficiency, climate change 
1.Introduction 
     Egypt is considered one of the most vulnerable countries to climate change due to the 
extremely low rainfall (UNEP., 2010), as well as its dependence on the River Nile for irrigation 
water. Various global and regional climate change studies warn of the negative impacts on crop 
productivity, both globally (Wheeler and Von Braun, 2013), in Mediterranean region (Jeunessea 
et al., 2016), and in sub-Saharan Africa (Cairns et al., 2013b) with less attention in Egypt (Kheir 
et al., 2019). Several factors affect food security, including increased demand for wheat, rising 
input prices, soil degradation, greenhouse gases and the competition between land and water 
(Challinor et al., 2014; Pretty et al., 2010; Hertel, 2011).  
    Understanding the impacts of climatic parameters on food production is necessary to enable 
adaptation to the impacts of climate change (Asseng et al., 2015; Asseng et al., 2018b). Crop 
models can help to quantify climate change impacts and adaptation strategies and applied in 
many studies, including the assessment of temperature impacts on crop production (Rosenzweig 
et al., 2014) and protein (Asseng et al., 2019) rather than impacts of precipitation extremes (Piras 
et al., 2016). Ensemble multi-models are particularly useful tools to evaluate the impacts of 
climate change compared with individual models, as they can produce estimates that are as 
accurate as experimental data and offer the possibility to quantify levels of uncertainty (Wallach 
et al., 2018; Tao et al., 2018). The Decision Support System for Agro-technology Transfer 
(DSSAT) models (Jones et al., 2003) and the Agricultural Production Systems Simulator 
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(APSIM) (Keating et al., 2003; Holzworth et al., 2014) are used globally and have commendable 
reputations. N-Wheat, formerly APSIM (Holzworth et al., 2014; Asseng et al., 1998) is a 
derivative crop model from CERES (Ritchie et al., 1998), but with additional modifications. 
These modifications include changes in crop water uptake systems and using water demand and 
biomass transpiration efficiency instead of Leaf Area Index (LAI) and potential 
evapotranspiration, as in CERES (Kassie et al., 2016). Such modifications could result in 
simulation differences between CERES-Wheat and N-Wheat models. N-Wheat had been 
included recently in DSSAT platform and not studied well before, and therefore used in current 
study. The role of technological diffusion processes in the environmental context, green 
economy and sustainable development is also evidenced (Aldieri and Vinci, 2017 and 2018; 
Hajek and Stejskal, 2018; Makkonen and Lnkinen, 2018). Climate change and variability have 
potentially negative impacts on crop production (Challinor et al., 2007b; Müller et al., 2011). 
These impacts are expected to increase globally (Thornton et al., 2010); and in Africa (Wheeler 
and Von-Braun, 2013), affecting global food security (Godfray et al., 2010), with relatively less 
attention requiring more further studies (Cairns et al., 2013a; Cooper and Coe, 2011). Further 
studies have reported that adaptation to climate change can decrease these impacts (Challinor et 
al., 2014; Rymbaia and Feroze, 2018; Swart et al., 2014). However, climate change adaptation 
has less attention in arid and semi-arid environments, particularly in small-scale holders 
(Mostegl et al., 2019). 
     Wheat (Triticum aestivum) is one of the most strategic crops in Egypt, however Egypt 
remains the world’s largest importer country of wheat (Asseng et al., 2018). The understanding 
of climate models, downscaling ways and imperfect simulations within crop models are the main 
reasons for uncertainty (Asseng et al., 2013). While multiple climate scenarios and global 
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climate models (GCMs) are widely used (Tebaldi and Knutti, 2007), single models with 
unknown uncertainties are also applied (Asseng et al., 2013). Therefore, we used two crop 
models and three GCMs within the Representative Concentration Pathway (RCP8.5) (Moss et 
al., 2010) to quantify the impacts of these scenarios on wheat yield. Therefore, the main 
objectives of this study were: (1) to calibrate and validate wheat crop models with two wheat 
cultivars grown in North Nile Delta region, (2) to investigate the impacts of climate change on 
wheat yield and water use efficiency on the Northern Nile Delta of Egypt, and (3) to explore 
changing planting dates plus and minus the common practice as potential adaptation options 
under different climate scenarios. 
2. Materials and Methods 
The current study includes two DSSAT models (CERES-Wheat and N-Wheat) calibrated for two 
wheat cultivars grown in field experiments through three successive growing seasons in Egypt. 
Then, the calibrated models were used to predict wheat yield, water use, and water use efficiency 
under different climate change scenarios include three GCMs and the higher emission scenario 
of representative concentration pathway (RCP8.5) and compared with baseline climate (1980-
2010). To explore changing planting date as adaptation option, we changed planting date with a 
scenario of plus and minus 5 and 10 days from the common practice. Wheat yield was predicted 
under different climate scenarios using such planting dates by both models to explore the best 
planting date under climate change scenarios in different time series (2030, 2050 and 2080).   
2.1. The study area 
      The study was conducted in large (12.0 m3) lysimeters (1.5 × 2.5 m, height 3.0 m) filled with 
non-saline clay soil since 1994 on the North Nile Delta of Egypt, Kafr El-Sheikh Governorate 
(KFS), Sakha; lat. 31.3-30.0oN, long. 31.0-31.3oE; altitude 6 m above sea-level). The lysimeters 
were placed in an open field and surrounded with wheat to decrease the edge-effects produced by 
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the lysimeters. The climate is characterized by a warm winter with a mean temperature ~21.8ᵒC. 
Summer is hot with an average air temperature of ~32.5ᵒC and mean relative humidity is ~65%. 
Annual rainfall ranges from 100-150 mm and partially contributes to the water requirements of 
winter crops. The soil type is classified as a Vertic Torrifluvent (Said, 1993). The soil 
temperature regime is thermic, and the soil moisture regime is torric. The study site could be 
considered a representative for the whole region, including the first agroclimatic zone in Egypt 
(30.0 – 31.0 N). Initial soil analysis before cultivation is presented in Table 1. 
Table 1 
2.2. Field treatments and practices 
     A large lysimeter experiment was conducted at the Sakha Agricultural Research Station 
during three successive wheat growing seasons in 2015/2016, 2016/2017 and 2017/2018. The 
experiment included a split-plot design, with three replicates. To ensure genetic variability under 
current conditions, the main plots were assigned to two wheat cultivars. Gemiza9 is sensitive to 
higher temperatures and drought, while Misr1 is more resistant to both higher temperatures and 
drought (Asseng et al., 2018a; Ahmed et al., 2012). Wheat was sown on 20 November and 
harvested on 15 May in all growing seasons. The sub-plots were three irrigation treatments as a 
percent of soil moisture deficit (SMD). These were 35, 55 and 75%, with the 55% SMD 
treatment taken as the control. This value is representative of traditional farmer irrigation. Total 
seasonal evapotranspiration for both cultivars under different irrigation treatments is presented in 
supplementary Table.1.    
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2.3. DSSAT models calibration and evaluation 
 Detailed yield and phenology parameters were measured. These included grain yield, total 
final biomass, anthesis date (DAS), maturity date (DAS), grain size, maximum Leaf Area Index 
(LAIx), nitrogen (N) in grains (both % and kg/ha) and grain number per m2.. 
Both models were calibrated using the dataset of the 2015/2016 and validated using dataset of 
2016/2017 and 2017/2018 growing seasons for Misr1 and Gemiza9 cultivars. The genetic 
parameters were changed manually in the calibration process to achieve the closest fit to 
observed data. The calibrated genetic parameters of both cultivars by CERES-Wheat and N-
Wheat models are reported in Table 2. In calibration, the genetic parameters were incorporated in 
simple steps, with phenology first, then grain yield and biomass on the second step. The genetic 
coefficient of determination was calculated manually using the trial and error method (Godwin 
and Singh, 1998). The values were justified to achieve the minimum root mean square deviation 
(RMSD) between predicted and observed data. The initial values of each model parameter and 
values after calibration for both cultivars are presented in Table 2.  
    The goodness of fit between the measured and predicted data were calculated using several  
parameters: root mean square deviation, RMSD (Jacovides and Kontoyiannis, 1995), Willmott 
Index of Agreement, WI (Willmott, 1984); and determination coefficient, R2 (Moriasi et al., 
2007). Uncertainty of crop models and GCMs were calculated based on standard deviations and 
overall grain yield values. 
2.4. Climatic data 
    Daily data of maximum and minimum temperatures, precipitation and solar radiation were 
obtained from the Central Laboratory of Agricultural Climate (CLAC) of Egypt (Fig. 1). The 
Sakha region is classified as the first Agro-ecological zone in Egypt and is characterized by a 




2.5. Model simulations 
     An ensemble of two wheat models CERES-Wheat and N-Wheat were calibrated and 
evaluated in this study. These models are involved  in Decision Support Systems for 
Agrotechnology Transfer (DSSAT v, 4.7) (Hoogenboom et al., 2015; Jones et al., 2003). The 
choice of these models was based on their global reputation in climate change studies (Tubiello 
and Ewert, 2002). DSSAT crop models are designed to predict crop development and water use 
in response to soil characteristics, crop features, weather and management. Both models are 
calibrated and tested with Misr1 (Asseng et al., 2018) and Gemiza9 wheat cultivars for grain 
yield, total biomass, anthesis date and maturity date and applied hereafter to predict yield and 
water use under different climate scenarios.  
2.6. Climate change scenarios 
     Daily measured weather data were collected by Central Laboratory of Agricultural Climate 
(CLAC) (www.clac.edu.eg) in Egypt and used for the simulation of field experiments. Daily 
baseline data (1981-2010) were abstracted from the NASA AgCFSR Climate Dataset: 
(http://data.giss.nasa.gov/impacts/agmipcf/) for the studied region without stress in either 
irrigation or fertilization. Three GCMs (GFDL-ESM2M, CSIRO-Mk3-6-0 and HadGEM2-ES) 
with one RCP (8.5) were prepared (Moss et al., 2010) for the years 2030, 2050 and 2080 using 
the ‘delta method’ (Wilby et al., 2004). The AgCFSR combines retrospective analyses, gridded 
meteorological station datasets and remotely-sensed radiation and precipitation information to 
form a coherent daily time series. The GCMs were selected based on their shifting projections of 
temperature and solar radiation. Plotting data show the range of temperature and solar radiation 
values under different GCMs and RCP8.5 through the 21st Century (Fig. 2). RCP8.5 was selected 
based on assuming high concentrations of greenhouse gas emissions. In addition, it describes a 
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pathway that has 8.5 W m-2 of radiative forcing by 2100 compared with the description of Van 
Vuuren (2011), which corresponds to pre-industrial concentrations. The CO2 concentrations for 
RCP8.5 were 432, 571 and 801 ppm for 2030, 2050 and 2080, respectively, whereas the CO2 
concentration for the baseline period was 360 ppm.  
Figure 2 
 
2.7. The relative impacts 
The relative change in grain yield (GY), water use (ET) and water use efficiency (WUE) were 










Here, SGY is the simulated grain yield (kg ha-1), and ET_Crop is the simulated cumulative 
evapotranspiration (mm) from sowing to maturity. 
2.8. Potential adaptation options 
     We simulated changed planting dates as a potential adaptation option. Avoiding the current 
recommended planting date (20 November), scenarios of sowing plus and minus 5 and 10 days 
to 10, 15, 25 and 30 November were chosen as adaptation options. Then, we simulated wheat 
yield under different climate scenarios and calculated change of predicted yield in four new 
planting dates relative to the current planting date.  
 3. Results 
 3.1. Model calibrations and evaluations 
      The methodology used to calibrate CERES-Wheat and N-Wheat proved successful (Fig. 3), 
attaining accurate predictions of grain yield, total biomass, anthesis date and maturity date. 
Wheat grain yield, biomass and phenology of both cultivars were suitably simulated by the 
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DSSAT models, achieving lower RMSD and higher R2 and WI values (Table 3 and Fig. 3). 
However, simulating grain yield was the most crop growth parameter reproduced by the model 
very well.  
Table 2 
Figure 3 
Table 3    
 
3.2. Projected changes in annual temperature 
     The annual average maximum and minimum temperature for the baseline are 27.6 and 
15.4°C, respectively, with a mean of 21.5°C. The overall minimum temperature is expected to 
increase by 0.7, 1.0 and 1.6°C in 2030; 2.0, 2.5 and 3.1°C in 2050; and 3.0, 4.5 and 4.9°C in 
2080 for the three GCMs (CFDL-ES2M, CSIR0-MK3-6-0, and HadGEM2-ES), respectively 
(Fig. 4). Meanwhile, the increase in maximum temperature predicted by the three respective 
GCMs is 0.7, 0.9 and 1.7°C in the near decades (2030); 2.0, 2.3 and 3.0°C in the mid-century; 
and 3.1, 4.1 and 4.7°C in the late century (2080). Consequently, the annual mean temperature is 
expected to increase by 0.7, 0.9 and 1.6oC in 2030; 2.0, 2.4 and 3.0°C in 2050; and higher 
increases in 2080 of 3.0, 4.3 and 4.8°C for the three respective GCMs under RCP8.5 (Fig. 4). 
Figure 4 
3.3. Impacts of climate change on wheat yield, water use, and water use efficiency 
      The baseline (1981-2010) simulated mean yield of wheat was 9590 kg ha-1 under optimum 
maturity growth without stress due to irrigation or fertilization treatments (Fig. 5A). Crop yield 
decreased under all climate scenarios relative to baseline yield (Fig. 5C). Crop and climate 
models demonstrate the mean wheat yield reduction of both cultivars relative to baseline yield 
(Fig. 5C). This reduction was calculated as 2.7, 8.5 and 14.9% in 2030; 8.4, 9.5 and 16.2% in 
2050; decreasing markedly by 11.0, 11.7 and 17.0% in 2080 for GCM1, GCM2 and GCM3, 
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respectively (Fig. 5C). Due to its higher resistance resulted from delayed anthesis and maturity 
(long growth duration), the cultivar Misr1 crop yield decreased less under future scenarios 
compared with Gemiza9. The relative mean wheat yield reduction for Misr1 under the three-time 
series of 2030, 2050 and 2080 was 8.3, 10.7 and 11.0%, respectively. Meanwhile, for Gemiza9, 
the decrease was greater, at 9.0, 11.7 and 15.7%, respectively as an average of three GCMs (Fig. 
5B). Consequently, the mean reduction of grain yield due to climate change for both cultivars 
was 8.7, 11.4 and 13.2 % in 2030, 2050 and 2080 respectively relative to baseline yield. The 
future growing periods for wheat under the climate scenarios were shorter than those in the 
baseline scenario (Table 4). The decrease was in the descending order: GCM1<GCM2<GCM3. 
The shortest growth period was predicted for 2080, followed by 2050 and then 2030. 
Uncertainties in estimating yield impacts were relatively small at 2.3, 5 and 8% for GCMs for 
2030, 2050 and 2080, respectively. For crop models (CMs), uncertainty was higher and recorded 
2.5, 5.8 and 9.5% than those in GCMs (Fig. 6). Since agriculture in Egypt is fully irrigated due to 
its low annual rainfall, crop water use, and water use efficiency are necessary factors. Water use 
had an adverse effect and decreased under future climate scenarios (Fig. 7), compared to grain 
yield (Fig. 5). Consequently, WUE increased under future climate scenarios (Fig. 8), despite 





Table 4   
3.4. Adaptation with changing planting dates 
     The highest yield was under the optimum planting date (20 November) for the baseline 
climate (1981-2010) but decreased under future climate scenarios (Fig. 5A). Delaying the 
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planting date decreased the yield reduction gap under future climate scenarios. Due to increasing 
temperatures under future climate decreasing yield, the future yield in 2030, 2050 and 2080 was 
predicted by postponing the planting date to 25 and 30 November, instead of the current 
recommended date of 20 November. Predicted grain yield reduction will be less under future 
climate scenarios through the 21st Century due to postponed planting dates (Fig. 9). An assumed 
planting of 25 November partially decreased the predicted mean yield reduction of both cultivars 
caused by climate change to 4.8, 7.9 and 10.5 % in 2030, 2050 and 2080, respectively (Fig. 9A). 
Changing planting date to 30 November was better in decreasing further reduction of yield 
particularly in 2050 and 2080, thus yield reduction decreased to 5.2, 6.8 and 8.5% in 2030, 2050 
and 2080 respectively. Early planting date scenario with 5 days had a slight positive effect in 
three time periods, meanwhile early sowing with days had negative effects increasing yield 
reduction under climate change.  The Misr1 cultivar achieved higher resistance to temperature 
than Gemiza9 with and without adaptations (Fig. 9B). The cause may be that later planting 
decreased heat stress at critical plant growth stages. Thus, delaying sowing by 5 and 10 days 
through the 21st Century may partially offset yield reductions due to climate change.  
Figure 8 
4. Discussion  
     CERES-Wheat and N-Wheat crop models could be successfully used to select suitable 
cultivars and to investigate the impacts of climate change on wheat production. Wheat phenology 
has significant impacts on growth and development and thus plays a vital role in the calibration 
process (Ceglar et al., 2011). Model indices confirmed the accuracy of the model in simulating 
anthesis and maturity in spring wheat (Fig. 3, Table 3). In N-Wheat, anthesis and maturity dates 
were justified by VSEN, PPSEN, and P5, respectively (Table 2), thus emphasizing the 
importance of these parameters in the phenology calibration process (Asseng et al., 1998, 2013, 
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2015). P1V, P1D, P5 and Phint are used to control and justify phenology in CERES-Wheat 
(Andarzian et al., 2015). Yet, changing P1, P2, P3 and P4 in the genotype file is required to 
enhance model accuracy and reduce uncertainty (Johnen et al., 2012). Accurate phenology is 
considered the first priority for model calibrations (Archontoulis et al., 2014). Ensuring high 
quality calibration of phenological parameters could help to accurately simulate yield, growth 
and biomass (Robertson et al., 2002). Biomass production could be controlled by solar radiative 
interception and radiative use efficiency. Our biomass production predictions proved to be highly 
accurate (Arora et al., 2007), due to the linear relationship between biomass and grain yield 
(Dettori et al., 2011). The STMMX and G3 parameters were used to calibrate biomass for both 
N-wheat and CERES-Wheat, respectively (Table 2). 
     Grain yield is the result of dynamic interactions between crop canopy, radiation interception, 
radiation use efficiency and Harvest Index. Both models were highly robust in simulating grain 
yield. In N-Wheat, GRNO and MXFIL parameters were used to calibrate grain yield; while G1, 
G2 and G3 parameters were used for CERES-Wheat (Hunt and Boote, 1998). Grain and biomass 
calibration should follow the phenology calibration process (Ma et al., 2011). As a complex 
process, simulation modelling could be affected by soil, climate and crop variables, creating 
potential uncertainty (Kassie et al., 2016). Quantifying uncertainty by using a single crop model 
is problematic, particularly with climate change impacts on crop yield (Asseng et al. 2013; Rotter 
et al., 2011; Wallach et al., 2018). Uncertainty can be quantified with reasonable accuracy using 
ensemble multi-models (Martre et al., 2015), through expanding existing model platforms (Feng 
et al., 2014). Therefore, N-Wheat model, as a new derivative dynamic model recently added to 
current wheat models on the DSSAT platform (Kassie et al. 2016), was combined with CERES 
in this study.  
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      Although ensemble multiple models are valuable for decision-makers (Rosenzweig, 2013), 
like other models DSSAT models have limitations, particularly regarding effects of disease and 
pests on crop development. These limitations require more analysis and discussions in model 
simulations. During the past five decades, wheat yield in Egypt has steadily increased from 3.0 to 
7.5 t/ha: http://www.fao.org/faostat/en/ due to technological advances. Our analysis of climate 
change scenarios on the Northern Nile Delta showed that future wheat yields will probably be 
negatively affected. Thus, food security in Egypt will deteriorate in a ‘business as usual’ 
scenario. Problems are compounded by increased population. Under the medium population 
growth scenario, the Egyptian population is expected to increase from 100 million in 2018 to 
~117 million in 2030, ~151 million in 2060 and ~187 million in 2080 (Roser and Ortiz-Ospina, 
2017). 
     Projections of GCMs and climate change impacts generally result in some uncertainties (Fig. 
9) (Osborne et al., 2013;Whitfield, 2013; Tao et al., 2018). Similarly, crop models, adaptation 
options and agricultural strategies involve uncertainty (Rötter et al. 2011; Rozenzweig et al. 
2013;Tao et al., 2018). Climate change impacts on wheat yield under GCMs will be higher (-2.7 
to -14.9%), (-8.4 to -16.2%) and (-11.0 to -17.0%) averaged over crop models for 2030, 2050 
and 2080, respectively, than between different crop models (-10.0 to -14.0%), (-11.0 to -15.0%) 
and (-14.0 to -18.0%) for the same three years (Fig 5B). Therefore, we can conclude that GCMs 
will generally dominate regional impact evaluations for the mid-century (2050) (Hawkins and 
Sutton 2011). However, these are predicted and not absolute values (Asseng et al. 2013; 
Rosenzweig et al. 2014)..  
Figure 9 
    Decreased wheat yields in response to increasing temperature is mainly due to accelerating 
crop development and decreasing biomass and thus shortening of the crop life cycle  (Asseng et 
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al. 2015;Asseng et al., 2018; Sayre et al., 1997). Thus, there will be less solar radiation 
interception (Heng et al., 2007; Alexandrov and Hoogenboom, 2000). Water use efficiency 
increased despite the projected increase in temperature with climate change scenarios (Fig. 8), 
due to decreasing the total ET through growing season duration (Fig. 7). Decreasing ET under 
projected future climate is mainly due to shorter growth duration with higher temperatures and 
efficient transpiration from elevated CO2 concentrations (Asseng et al., 2018a; Deryng et al., 
2016).   
     Changing sowing dates is one of the most widely adopted options to adapt cropping systems 
to climate change (White et al., 2011). According our findings, a later planting date will result in 
less crop loss than early and the current recommended sowing date in future climate scenarios. 
The current optimum sowing date may face a temperature increase at a critical growth stage; this 
could be avoided by delaying the sowing date. Rescheduling the planting date to 25 November 
decreased wheat yield loss under future climate by 3.9, 3.5 and 2.7% for 2030, 2050 and 2080, 
respectively, relative to the current optimum sowing date in the baseline of 20 November (Fig. 
9). These rates increased slightly to 3.5, 4 and 4.2% using the second planting date (30 
November). This means the gap of yield reduction in response to future climate will probably 
decrease using this adaptation option. Results emphasize the critical importance of changing 
planting date as a potential adaptation option for climate change. 
5. Conclusions and research priorities 
     Experimental and modelling studies were conducted on the North Nile Delta of Egypt. The 
study investigated the probable impacts of climate change on wheat yield and explored potential 
adaptation options. Attention focused on wheat, as it is one of the most important and strategic 
crops in Egypt. Different agronomic treatments included irrigation and two cultivars (Gemiza9 
and Misr1) in three-successive wheat growing seasons (2015/2016, 2016/2017 and 2017/2018). 
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Different climate change scenarios through the 21st Century predicted yield using two crop 
models (CERES-Wheat and N-Wheat). Results from the models predicted yield decreases of 8.7, 
11.4 and 13.2% as a mean value of the two cultivars in 2030, 2050 and 2080, respectively, 
relative to the baseline (1981-2010). These decreases are mainly attributed to increased 
temperatures shortening the wheat growing season. Potential adaptation options, such as 
delaying the planting date, could be used to counter the negative impacts of climate change. Such 
adaptations will probably decrease yield reduction gaps due to climate change. However, further 
adaptation strategies such as irrigation and fertilization management, plant density and row 
spacing will require major evaluations and subsequent major modifications to adaptation 
systems. Moreover, the adaptation options include considerable costs and require economic 
evaluations. Therefore, future research should include socio-economic evaluations of all viable 
adaptation options.  
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Figure Captions  
Fig. 1. Daily maximum temperature (dashed red lines), minimum temperature (dashed green 
lines), solar radiation (balck lines) and precipitation (blue bars) at Sakha during three 
growing seasons (2015/2016, 2016/2017 and 2017/2018). 
Fig. 2. The relative changes of Daily solar radiation, maximum temperature and minimum 
temperature to baseline under RCP8.5 and three global climate models (GCMs) during the 
21st Century. 
Fig. 3. Calibrations and validation of N-Wheat (black closed circles) and CERES-Wheat (open 
circles) models under different irrigation treatments for two cultivars (Gemiza9 and Misr1) 
in three growing seasons on the North Nile Delta. 
Fig. 4. Change of daily maximum and minimum temperature relative to the baseline (1981-2010) 
under three GCMs and RCP8.5 through the 21st Century. 
Fig. 5. Grain wheat yield (A),  relative change (B) compared with the baseline (1981-2010) for 
both cultivars, open bars (Gemiza9) and closed bars (Misr1) and average relative change of 
both cultivars (C) using two crop models (CMs) and three GCMs and RCP8.5 through the 
21st Century under current planting date (20 November) without adaptation.  
Fig. 6. Uncertainty of CMs and GCMs. Uncertainties are relative standard deviations based on two 
CMs (N-Wheat and CERES-Wheat) and three GCMs. Fig. 7. Accumulation seasonal 
evapotranspiration in baseline, short, mid and end of century (above), as well as under 
different GCMs (below). Fig. 8. Water use efficiency in baseline, short, mid and end of 
century (above), as well as under different GCMs (below). . 
Fig. 9. Relative grain yield reduction (%) to baseline in different time series (A, above), without 
adaptation and with adaptations A (delay sowing date by 5 days), adaptation B (delay 
sowing date by 10 days), adaptation C (early sowing by 5 days), and adaptation D (early 
sowing by 10 days) and relative grain yield reduction (%) to baseline for both cultivars 
under four adaptation options in 2030, 2050 and 2080 (B, below).  
